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Introduction

• Background: Unsupervised representation learning is widely studied
in medical analysis for its freedom from expensive annotated data.
Particularly, unsupervised discriminative representation learning is
proposed to measure similarity of different images.

• Challenges: Current unsupervised discrimination learning aims to
learn global features to recognize image instance. However, the
missing of the local details makes the learnt representation less
efficient for medical analysis focusing on subtle local differences.

• Contributions: 1) Based on the fact that similar anatomical structures
are shared among medical images, a framework is proposed to cluster
regions with similar context to learn representation measuring local
similarity. The learnt features are more generalized for medical image
analysis tasks. 2) Inspired by specialists’ ability of recognizing
anatomical structures based on topological priors, we joint prior
knowledge and the learnt features to cluster regions of structures.

Method

As illustrated in Fig. 1, our framework can be divided into two parts. The
first part is to learn a representation to map each pixel into a embedded
space, where, pixels with similar context should be closely distributed
and dissimilar ones should be separated. The second part is to
introduce prior knowledge of topological structure and relative location
into the learning framework to cluster target of interest.

• Local discrimination learning

Fig. 1. An illustration of local discrimination learning

Fig. 2. An illustration of local discrimination learning

As shown in Fig. 2. Our method contains two branches after a based U-
net. The clustering branch aims to generate pseudo segmentation to
cluster pixels with similar context and the embedding branch aims to
separate pixels over a n-D hypersphere. Through training in the
following mutually beneficial manner, the encoder can learnt local
discriminative features.
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Where, 𝑣𝑖 ℎ,𝑤 and 𝑟𝑚𝑖 ℎ,𝑤 are respectively the embedded vector
generated by the embedding branch and the pseudo segmentation
generated by the clustering branch for position ℎ,𝑤 of image 𝑥𝑖.
Then c𝑚 is the center feature vector of m-th cluster, which is also

mapped onto the unit space. Therefore, s 𝑐𝑚, 𝑣𝑖 ℎ,𝑤 can measure

the similarity between point and center point through cosine distance.
The final 𝑙𝑜𝑠𝑠𝑙𝑑 force pixels’ embedded features of the same
segmentation close to their center features and the center of different
segmentation far away from each other. After training, local
discriminative features can be learnt and similar pixels can be clustered.

• Prior-guided anatomical structure clustering

Fig. 2. Based on prior knowledge and local discrimination to recognize structures.

Commonly, specialists can easily identify anatomical structures based
on corresponding prior knowledge, including relative location,
topological structure, and even based on knowledge of similar
structures. Therefore, we aim to joint prior knowledge with local
discrimination to cluster target regions of interest. The training process
is to minimize the KL divergence between the distribution of prior
knowledge (𝑄𝑚) and the distribution of cluster (𝑃𝑚) as followed:

Experiments and results

• The generalization of local discrimination

Fundus images: 35k Kaggle DR dataset to train representations.
Downstream tasks include retinal vessel segmenting (DRIVE, STARE and
CHASEDB1), OD and CUP segmenting (Drishiti-GS and IDRID) and
lesions recognition (IDRID)
Chest X-ray: 112k images from ChestX-ray8 to train representations.
Downstream tasks includes lung segmentation.

Retinal vessel Optic disc and cup Lesions X-ray

encoder DRIVE STARE CHASE GS(cup) Gs(OD) ID(OD) Hae HE Lung

Random 80.76 76.26 78.30 77.76 95.41 89.11 37.76 57.44 96.34

Supervised 81.06 80.59 78.56 86.94 96.40 93.56 51.11 61.34 -

Wu et al. [1] 74.98 66.15 68.31 84.59 94.58 88.70 26.34 48.67 96.27

Ye et al. [2] 80.87 81.22 79.85 87.30 97.40 94.68 46.79 59.40 96.63

LD 82.15 83.42 80.35 89.30 96.53 95.59 46.72 65.77 97.51

Table 1. Comparison of results of downstream segmentation tasks.

Results: The evaluation metric is mean Dice-Sørensen coefficient (DSC)
and is shown in Table 1, and we can have following observations:

2) Compared with instance discrimination methods by Wu et al. [1] and Ye et al. [2], the
proposed local discrimination is capable to learn finer features and is more suitable for
unsupervised representation learning of medical images.
3) The proposed method is free from annotations and the learnt representation is more
generalized, while supervised learning is expensive and the representation is specialized.

• Clustering structures based on prior knowledge

Fig. 4. Some examples of reference masks and predicted results: The first line shows 
some reference images and the second line shows the predictions.

Datasets: 3110 high-quality fundus images and 1482 frontal X-rays as training data.

Tasks:
1) Retinal vessel segmentation respectively based on real references (retinal vessel masks

from DRIVE) and references of similar structures (10 OCTA masks).
2) OD and fovea segmentation based on simulation reference, which places ellipses

based on available retinal vessel masks to represent targets.
3) Lung segmentation based on simulation references (20 drew simulated masks).

Results: Retinal vessel segmentation: 66.25% and 57.35% for models based on real 
references and OCTA annotations. OD segmentation:  83.60%. Lung segmentation: 81.20%.

1) The generalization ability of the trained local discriminative
representation is demonstrated by the leading performance.

Conclusion

In this paper, we propose an unsupervised framework to learn local discriminative
representation for medical images. By transferring the learnt feature extractor, downstream
tasks can be improved to decrease the demand for expensive annotations. Furthermore,
similar structures can be clustered by fusing prior knowledge into the learning framework.
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